I. Introduction
A LARGE variety of algorithms has been proposed so far to implement innovative adaptive beamforming (ABF) techniques applied to antenna arrays [1] - [9] . Several of these techniques have been designed for broadcasting applications [10] - [15] . The main purpose of an ABF algorithm is to make an antenna array steer the main lobe of its radiation pattern toward a desired incoming signal and place pattern nulls toward respective interference incoming signals provided that the direction of arrival (DoA) of every signal is time dependent. In other words, a typical ABF technique is a real time procedure that aims at maximizing the signal-tointerference-plus-noise ratio (SINR). In order to avoid an unreasonable spatial spread of radiated power, a beamformer is additionally required to minimize the side lobe level (SLL).
To meet both requirements of maximum SINR and minimum SLL, the beamformer is usually implemented by applying evolutionary optimization methods [4] , [6] , [7] . Such a method recently introduced is a novel variant of the Invasive Weed Optimization (IWO) [4] , [16] - [19] called Adaptive Dispersion Invasive Weed Optimization (ADIWO) [9] . The adaptive seed dispersion mechanism involved in the ADIWO increases the convergence speed compared to the speed of the typical IWO and makes the ADIWO an attractive method for real time procedures like the ABF ones. In order to make the ADIWO increase its ability to fine-tune the optimal position without losing its exploration ability, a Modified ADIWO (MADIWO) is proposed in the present paper. In the MADIWO, the adaptive seed dispersion mechanism has properly been modified in order to help more weeds finetune the optimal position, while the rest weeds are capable of exploring the search space to find better positions. In this way, the MADIWO algorithm converges almost as fast as the ADIWO algorithm, while it achieves better fitness values at the end of the optimization process.
However, the iterative structure of an algorithm is always a limitation to the convergence speed. A solution to this problem would be a method that has the efficiency of the MADIWO algorithm but responds instantly. Such a solution introduced in the present study is based on a neural network (NN) [2] , [3] , [20] - [26] trained by data, which are extracted by the MADIWO method. After proper training, the NN is capable of approximating the efficiency of the MADIWO algorithm. On the other hand, a NN does not have iterative structure and thus it responds immediately. Consequently, a properly trained NN can be used instead of the MADIWO method for real time applications.
Such a NN is proposed here to be used as an enhanced adaptive beamformer that aims at maximizing the SINR and 0018-9316 c 2013 IEEE minimizing the SLL of uniform linear arrays (ULAs). Initially, several NNs of various structures are trained using MADIWO based data. Afterwards, a comparison in terms of training performance among the NNs takes place. The best NN derived from the above comparison is used to construct the enhanced adaptive beamformer mentioned before. This NN based beamformer is then compared to MADIWO based and ADIWO based beamformers, regarding the ability to minimize the SLL as well as the ability to properly steer the main lobe and the nulls. The comparison is made considering several sets of random cases with different numbers of interference signals and different power levels of additive zero-mean Gaussian noise. The results show that the MADIWO based beamformer and the proposed one achieve similar SLL values, provide almost the same steering ability regarding the main lobe and the nulls, and finally outperform the ADIWO based beamformer. The above behavior combined with the advantage of instant response makes the proposed beamformer an attractive choice for broadcasting applications.
II. Beamforming Problem and Fitness Function
Definition The description of the beamforming model has already been given in [6] . M monochromatic isotropic sources with interelement distance equal to q compose a ULA, which receives a desired signal from angle of arrival (AoA) θ 0 and N interference signals from respective angles of arrival (AoAs) θ n (n = 1, . . . , N). Every AoA is defined by the direction of arrival (DoA) of the respective incoming signal and the normal to the array axis direction. DoA estimation algorithms are usually applied to calculate the values of θ n (n = 0, 1, . . . , N) [1] , [22] . The ULA also receives Gaussian noise signals of zero-mean value and variance σ The values of θ n (n = 0, 1, . . . , N) and the signal-tonoise ratio (SNR) are considered as input data by all the beamformers. Each beamformer aims at calculating the array excitation weights w m (m = 1, . . . , M) that satisfy simultaneously two different requirements, i.e., maximize the SINR and minimize the SLL. These two requirements define a beamforming problem, which is inherently multiobjective. The problem can be converted into a single-objective one by minimizing a fitness function, which balances the above requirements as given below:
where k 1 and k 2 are balance factors. The value of SINR can be estimated by the following expression:
are, respectively, the excitation weight vector, the M ×N array steering matrix, and the array steering vector that corresponds to AoA θ n . Also,R ii is the interference correlation matrix, while the superscripts T and H indicate respectively the transpose and the Hermitian transpose operation. Finally, the noise variance is calculated from the value of SNR in dB as follows:
III. Adaptive Dispersion Invasive Weed Optimization The ADIWO method has been proposed and compared to the original IWO method in [9] . Its basic difference from the original IWO and other IWO variants lies in the way the seeds produced by a weed are dispersed in the search space. According to the original IWO method and its variants, the standard deviation σ of the seed dispersion decreases as a function of the number of iterations iter. Moreover, σ is the same for all the weeds that disperse seeds at a certain iteration. In the ADIWO method, however, σ is different for every weed and depends on the fitness value f of the weed according to the linear formula:
where σ max and σ min are the standard deviation limits, while f max and f min are the maximum and minimum fitness values at a certain iteration. So, the weeds have different behavior depending on their fitness value. Weeds with fitness values close to f min (optimal fitness value) display a reduced exploration ability and can only fine tune their position. Weeds with fitness values close to f max exhibit an increased exploration ability and are capable of exploring the search space to find better positions. In this way, the adaptive seed dispersion helps the weed colony maintain its exploration ability until the end of the optimization process and thus makes the ADIWO algorithm converge faster than the original IWO [9] .
IV. Modified Adaptive Dispersion Invasive Weed Optimization In the MADIWO algorithm, the adaptive seed dispersion mechanism described above has been modified. The modification concerns the σ − f dependence, which is expressed by the following formula:
where A graphical presentation of (8) is given in Fig. 1 . For a given fitness value f, the value of σ extracted from (8) is less than the respective value extracted from (7) . The difference between the two values of σ is gradually increased with increasing f until a certain fitness value equal to (f max + f min ) 2 and then is gradually decreased until f reaches f max . In this way, the MADIWO algorithm retains the ability of the ADIWO method to explore the search space for better positions, while it makes more weeds fine-tune the global optimum point, and thus it achieves better fitness values than the ADIWO algorithm as shown below.
V. Algorithmic Settings
In the MADIWO and ADIWO algorithms used below, the population size is limited to 30 weeds, the number of seeds dispersed by a weed ranges from zero to five depending on the fitness value of the weed, the standard deviation limits are σ max = 10 and σ min = 0.5, and finally 500 iterations are used to complete each algorithm execution.
The MADIWO and ADIWO methods are applied as ABF techniques to a set of L random cases, considering an 11-element ULA (M = 11) with q = 0.5λ. Each l-th case (l = 1, . . . , L) is a group of N + 1 random values different from each other and given to θ n (n = 0, 1, . . . , N). These values constitute an angle vectorθ = θ 0 θ 1 . . . θ N T .
For each random case, the two methods are applied to find the near-optimal excitation weight vectors, respectivelyw madiwo andw adiwo , which steer the main lobe toward θ 0 and place N nulls toward θ n (n = 1, . . . , N), maximizing thus the SINR, and additionally minimize the SLL. In this way, two respective sets of L vector pairs per set θ l ,w madiwo,l and θ l ,w adiwo,l (l = 1, . . . , L) are created. Such sets can be used either for NN training or to compare the beamformers with each other.
VI. Selection of Neural Network Structure
So far, NNs have been applied to solve various problems in the areas of electromagnetics and wireless communications [20] - [26] . Due to their efficiency and instant response, NNs have been successfully applied in several ABF problems [2] , [3] .
The feed-forward back-propagation architecture is selected for all the NNs studied below. Each NN consists of (a) an input layer of N + 1 nodes, which is fed by any angle vector θ, (b) two hidden layers that use Hyperbolic Tangent Sigmoid (HTS) transfer function and consist respectively of n hl1 and In order to find an efficient NN structure, various configurations are selected and compared to each other. All the configurations use an input layer of 8 nodes and an output layer of 11 nodes, considering 7 interference signals and a desired one (N + 1 = 8) received by an 11-element ULA (M = 11). The number of nodes of each hidden layer (n hl1 or n hl2 ) ranges from 10 to 50 at increments of 10. The training functions selected for comparison are the Gradient Descent (GD), the Gradient Descent with Momentum (GDM), the Gradient Descent with Adaptive Learning Rate (GDALR), the Scaled Conjugate Gradient (SCG) and finally the LevenbergMarquardt (LM). Also, the GDM is chosen as learning function for all the NN configurations.
The training process is applied to every NN by using a set of 5000 (L = 5000) MADIWO-based vector pairs θ l ,w madiwo,l (l = 1, . . . , 5000). The angle vectorsθ l (l = 1, . . . , 5000) are applied to the input layer, while the excitation weight vectorsw madiwo,l (l = 1, . . . , 5000) are applied to the output layer. The metric used for NN evaluation is chosen to be the Mean Squared Error (MSE) produced at the end of the training process. For each NN configuration, the training process is repeated 10 times and the minimum MSE (best training performance) is recorded.
The performance results for all the above-discussed NN configurations are given in Table I . It seems that the best training performance is achieved by a NN structure trained by the LM function and composed of two hidden layers with n hl1 = 20 and n hl2 = 50. This structure is denoted as LM- 8-20-50-11 , where the numbers 8 and 11 refer to the number of nodes of the input layer and the output layer, respectively.
In the same way, we apply the training process to a similar NN structure that uses the LM training function. The only difference is that the input layer consists of 6 nodes, considering 5 interference signals and a desired one (N +1 = 6) received by the same 11-element ULA (M = 11). The structure also contains the same two hidden layers with 20 and 50 nodes respectively, as mentioned above. This structure (LM-6-20-50-11) is trained by using a set of 5000 MADIWO-based vector pairs θ l ,w madiwo,l (l = 1, . . . , 5000). The LM- are two different structures of a NN-based beamformer, and they are going to be compared to respective structures of MADIWO-based and ADIWO-based beamformers in the next section. 
VII. Evaluation of the NN Based Beamformer
In order to make a comparison among the beamformers, four scenarios are implemented considering an 11-element ULA (M = 11) with q = 0.5λ. The first two scenarios use five interference signals (N = 5) and a desired one, considering SNR values respectively equal to 10 dB and 20 dB. In the last two scenarios, seven interference signals (N = 7) and a desired one are used, considering SNR values respectively equal to 10 dB and 20 dB. The LM-6-20-50-11 NN-based beamformer is employed for the first two scenarios, while the LM-8-20-50-11 beamformer is employed for the last two scenarios.
Each scenario includes the production of 1000 (L=1000) MADIWO-based pairs θ l ,w madiwo,l , 1000 ADIWO-based pairs θ l ,w adiwo,l , and 1000 NN-based pairs θ l ,w NN,l (l=1,. . . ,1000). Then, each vectorw madiwo,l ,w adiwo,l orw NN,l is used to produce the respective radiation pattern and thus calculate the corresponding absolute angular deviation θ Table II . It is obvious that both the NN-based and MADIWO-based beamformers exhibit similar behavior regarding the steering ability and the ability to provide a low SLL value, and also outperform the ADIWO-based beamformer. The same behavior is observed in Figs. 2-5 , which display the optimal radiation patterns of four typical cases chosen respectively from the four scenarios.
VIII. Conclusion
An efficient enhanced adaptive beamformer based on NNs has been presented. The beamformer makes a ULA steer the main lobe toward a desired signal, place respective nulls toward several interference signals and achieve low SLL. The data used to train the NNs have been extracted by a powerful ABF technique based on the MADIWO method. Therefore, the NN-based beamformer is expected to have similar efficiency as the MADIWO-based beamformer, regarding the ability to minimize the SLL as well as the ability to properly steer the main lobe and the nulls.
In order to study the NN-based beamformer in terms of efficiency, an optimal NN structure is selected by making a comparison in terms of training performance among several NN configurations, and then this structure is compared to MADIWO-based and ADIWO-based beamformers regarding their abilities to maximize the SINR and minimize the SLL. The statistical results as well as the radiation patterns of typical beamforming cases show that both the NN-based and MADIWO-based beamformers exhibit similar behavior regarding the steering ability and the ability to provide a low SLL value, and also outperform the ADIWO-based beamformer. This behavior combined with the advantage of instant response makes the NN-based beamformer very useful in practice. Since 2002, he has been working in the administration of the telecommunications network at the Telecommunications Centre, Aristotle University of Thessaloniki. His current research interests include design and optimization of antenna arrays, design and optimization of microwave circuits and systems, mobile communications, RF measurements, radiowave propagation, and electromagnetic scattering.
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